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Lyapunov exponentsLow back pain (LBP) affects many individuals worldwide. The established association between LBP and
spine motor control has led to the development of many control assessment techniques. To understand
spine control and LBP, it is essential to know the relationship between assessment techniques. Systems
identification (SI) and local dynamic stability (LDS) are two methods of quantifying spine control. SI pro-
vides a detailed description of control but uses linearity assumptions, whereas LDS provides a ‘‘black box”
non-linear assessment during dynamic movements. Therefore, the purpose of this project was to com-
pare control outcomes of SI and LDS. 15 participants completed two tasks (SI and LDS) in a random order.
For the SI task, participants were seated and ventrally perturbed at the 10th thoracic vertebrae. They
were instructed to resist the perturbations (resist condition) or to relax the trunk (relax condition).
Admittance was computed, and a neuromuscular control model quantified lumbar stiffness, damping
and muscle spindle feedback gains. For the LDS task, participants completed three repetitive movement
blocks consisting of flexion/extension, axial rotation, and complex movements. In each block, the maxi-
mum finite-time Lyapunov exponent (kmax) was estimated. A stepwise linear regression determined that
kmax during the rotation task was best predicted by SI outcomes in the relax condition (adjusted
R2 = 0.83). Many conditions demonstrated no relationship between kmax and SI outcomes. These findings
outline the importance of a consistent framework for the assessment of spine control. This could clarify
research comparisons and the understanding of the cause/effect role of LBP on spine control.
 2019 Elsevier Ltd. All rights reserved.1. Introduction
Low back pain (LBP) is still highly prevalent in today0s society
with a reported 70–85% of individuals experiencing LBP in their
lifetime (Andersson, 1999). Despite the magnitude of this issue,
the causes of LBP are poorly understood, as in 90% of cases no rela-
tion is made to underlying pathology, which are therefore labeled
‘‘non-specific” (Krismer and van Tulder, 2007). As understanding
the problem is essential to finding a solution, there has been a con-
siderable amount of research dedicated to identifying risk factors
associated with the development, progression and recurrence of
LBP.
Currently, the association between LBP and changes in spine
motor control is well established (e.g., Descarreaux et al., 2005;
Freddolini et al., 2014; Radebold et al., 2001); however the exact
relationship is largely misunderstood (van Dieën et al., 2018a). This
misunderstanding could be due to subgroups existing within theLBP population, or different methodological approaches to the
quantification of spine control. Without understanding the rela-
tionship between quantification techniques, exact neuromuscular
control differences between healthy and LBP populations can be
difficult to detect and consolidate. This can lead to misinterpreta-
tion of the cause/effect role of spine motor control on LBP.
Local dynamic stability (LDS) is one specific technique for
assessing spine motor control, which utilizes kinematic or EMG
data obtained during cyclic trunk movements to quantify the
spine0s response to internal perturbations that occur naturally dur-
ing movement. LDS quantifies the underlying structure within cyc-
lic biological data through the maximum Lyapunov exponent
(kmax), which represents the average exponential rate of diver-
gence of a data point from an attractor/trajectory within a recon-
structed state space (Rosenstein et al., 1993). As there is no
universally accepted method to design the multidimensional state
space (Dingwell, 2006), multiple methods have been proposed
within the literature (Gates and Dingwell, 2009). Mainly, the state
space has been composed of the Euclidean norm of trunk Euler
angles and time-delayed copies (e.g., Beaudette et al., 2014;
Granata and Gottipati, 2008), or trunk linear and angular velocities
Table 1
Participant demographics.
Height (cm) Mass (kg) Age (years)
Mean (SD) Mean (SD) Mean (SD)
Male 179.2 (7.0) 77.6 (10.0) 34.1 (12.0)
Female 169.6 (7.0) 65.7 (9.9) 37.5 (13.0)
All 175.4 (8.5) 72.9 (11.6) 35.5 (12.5)
All participants were recruited from the general university employee and student
population. All participants met the inclusion criteria. SD = standard deviation.
2 E. Bourdon et al. / Journal of Biomechanics 96 (2019) 109344and their time delayed copies (Dupeyron et al., 2013). When using
LDS, it is important to consider different state space reconstruction
techniques, as they may influence kmax estimations. LDS has been
used frequently to identify spine control during repetitive lifting
tasks (Graham et al., 2012) and repetitive unloaded trunk move-
ment tasks under different conditions such as LBP (Asgari et al.,
2015), movement speed and direction (Granata and England,
2006) and during muscular fatigue (Granata and Gottipati, 2008).
LDS has also been used to assess motor control differences in
asymmetrical movement tasks (Graham et al., 2014) and during
rotational and complex tasks that involved movement in the fron-
tal and transverse planes (Dupeyron et al., 2013). LDS is an advan-
tageous movement control assessment technique as it allows
control to be quantified during repetitive dynamic movements that
occur frequently in every-day life. While applicability of LDS is
good, it only provides a ‘‘black box” assessment of spine control.
Specifically, although smaller kmax values indicate slower diver-
gence (better performance of trunk control, i.e., faster correction
of perturbations) and higher kmax values are indicative of faster
divergence (worse control performance), kmax provides no insight
into causes of changes in spine control. It is also difficult to identify
the kmax cutoffs that identify these phenotypes, as kmax is an arbi-
trary value that depends on movement type and the system being
measured.
Systems identification (SI) is another method that is used to
assess neuromuscular control of the spine in an upright posture.
To assess control, SI applies known mechanical perturbations to
the spine system and measures the response during the distur-
bances. With these data, the relationship between the input and
output of the spine system is represented by frequency response
functions (FRFs) that allow for quantification of intrinsic and
reflexive contributions to spine control (Goodworth and Peterka,
2009; van Dieën et al., 2018b; van Drunen et al., 2013). Most of
these studies have applied perturbations to the trunk in an upright
seated posture in the sagittal plane where subjects were instructed
to either maximally resist the perturbations or to relax and control
posture as felt natural. This approach has been instrumental in
identifying the importance of reflex dynamics for postural control
(Moorhouse and Granata, 2007) and revealed how control param-
eters are modulated with instruction and perturbation type (van
Dieën et al., 2018b; van Drunen et al., 2015). While the detail pro-
vided by SI is useful, application is limited to instances that can be
regarded as approximately linear. Therefore, it is unclear whether
findings from SI techniques can be generalized to dynamic
movements.
Both LDS and SI have been frequently used to assess spine con-
trol, however the relationship between the outcomes of these two
techniques is unknown. It is possible that control mechanisms,
despite different task demands in SI and LDS, are similar between
the two tasks as both methods aim to quantify stabilization of a
trunk posture (SI) or a trunk movement trajectory (LDS). For
instance, intrinsic stiffness of the trunk may be similar between
tasks when similar postures are assumed, and reflexive properties
such as muscle spindle feedback may contribute to control in both
tasks. Therefore, although there may be overlap in the control
mechanisms between tasks, the magnitude of overlap is unknown.
This provides a barrier to summarizing literature relating to the
cause/effect role of LBP on movement control, as findings from SI
and LDS may be difficult to directly compare. In addition, as LDS
can be quantified during dynamic movement, and SI during
upright static posture, the relationship between these outcomes
could provide information as to whether static postural control
strategies are similar to control strategies recruited during
dynamic movements. Therefore, the purpose of this project is to
understand the relationship between motor control outputs of
LDS and SI to: (i) improve the understanding of direct comparisons,and (ii) identify if linear postural control strategies relate to
dynamic control strategies. It was hypothesized that control strate-
gies would be most similar between LDS during flexion/extension
movements, because both tasks involve sagittal plane movements.
It is also hypothesized that similar control strategies would be uti-
lized between LDS and SI outcomes under relax task instructions, a
natural response to perturbations in both the LDS and SI task under
relax instructions is expected.2. Methods
2.1. Participants
Nine male and six female participants were recruited to partic-
ipate in this study. Participants0 mean age, height, mass and the
associated standard deviations (SD) were 35.5 years (SD = 12.5),
175.4 cm (SD = 8.5) and 72.9 kg (SD = 11.6), respectively. Partici-
pant demographics (separated by sex) are presented in Table 1.
All participants acknowledged that they were healthy and had
not experienced an episode of LBP within the past year, or a major
musculoskeletal injury within the past six months before partici-
pation. All procedures were reviewed and approved by ethical
review boards at the University of Ottawa (#H02-17-11) and Vrije
Universiteit Amsterdam (#VCWE-2017-146). All data were col-
lected at Vrije Universiteit Amsterdam.2.2. Instrumentation
2.2.1. Local dynamic stability
The three-dimensional positions of the trunk and pelvis were
tracked using two active marker clusters adhered over the T10-
T12 vertebra and the sacrum to determine motion of the lumbar
spine. Data were collected at 100 Hz using two Optotrak 3020
motion capture cameras (Optotrak3020, Northern Digital, Inc.,
Canada). In addition, a digital pointer was used to identify the loca-
tion of anatomical landmarks on the trunk and pelvis (all land-
marks included in supplementary material 1) for calculation of
segment coordinate systems.2.2.2. Systems identification
Surface electromyography (sEMG) data were collected (sEMG
REFA, TMSi, the Netherlands) using pairs of bipolar electrodes
(Ag/AgCl, inter-electrode distance 25 mm). A custom-built appara-
tus was used to hold participants in a seated kneeling posture
(Fig. 1). Participants were perturbed with a magnetically-driven
linear actuator (Servotube STB2510S Forcer and Thrustrod
TRB25-1380, Copley Controls, USA). Actuator displacement (repre-
senting spine kinematics) and contact force between the actuator
and participant were collected at 2000 Hz using an instrumented
probe (Servotube position sensor & Force sensor FS6-500, AMTI,
USA).
Fig. 1. Participant set-up for completion of Task B (SI).
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Following informed consent and collection of demographic
data, participants completed task A (LDS) and task B (SI) in a ran-
domized order. Active marker clusters were worn during the LDS
task and sEMG sensors were worn during the SI task.
Task A (LDS) involved participants completing three blocks of
repetitive trunk movement tasks in a randomized order
(Dupeyron et al., 2013). The first block consisted of 35 cycles of
repetitive forward flexion and extension (FE block; Fig. 2A). Specif-
ically, participants touched a target at shoulder height and knee
height repeatedly with a movement cycle frequency of 15 cycles
per minute (4 s/cycle) to a metronome playing at 0.5 Hz; partici-
pants were instructed to keep their arms outstretched directly in
front of them. This instruction was provided to ensure that most
of the movement occurred through the spine. During the otherFig. 2. Series of trunk movements for task A (LDS), (A) flexiotasks, no specific instructions for arm placement was provided as
they were inherently impossible to be completed without large
movements of the spine.
For the second block, participants completed 35 cycles of
repeated axial rotation (rotation block; Fig. 2B) alternating
between touching a target placed on their right side with their left
hand and a target placed on their left side with their right hand.
Targets were placed at shoulder height and at an arm0s length
away. Metronome and cycle frequency were identical to the FE
block.
The third block (complex block; Fig. 2C) consisted of the partic-
ipant completing 35 cycles of touching a target located at shoulder
height on the right side, shoulder height on the left side, knee
height on the right side and finally knee height on the left side con-
secutively to the beat of a metronome at 0.5 Hz. This resulted in a
movement frequency of 8 s/cycle. Although these movement tasksn/extension block, (B) rotation block, (C) complex block.
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vided to prevent any effect of fatigue.
Task B (SI) began with skin preparation and placement of sEMG
sensors. Pairs of sEMG electrodes were placed on the longissimus
(thoracic and lumbar) and iliocostalis (thoracic and lumbar) mus-
cles according to Willigenburg et al. (2010). Following attachment
of sEMG sensors, participants were placed in a seated-kneeling
posture, and restrained at the pelvis to prevent any movement.
Participants were blindfolded and instructed to cross their arms
across their chest for the duration of the trial (Fig. 1); a
magnetically-driven linear actuator was positioned level with the
T10 spinous process and in-contact with the spine. In this position,
participants were exposed to fifty seconds of dynamic disturbances
in which the linear actuator applied pseudorandom force perturba-
tions. The pseudorandom force signal was designed identical to
that of van Drunen et al. (2013). Three trials in each instruction
condition (resist and relax) were completed (six trials total) in a
randomized order. Specifically, the resist instructions were to max-
imally resist the force perturbations and remain upright for the
entire trial. This task instruction was given to measure the individ-
ual0s maximum level of control. In contrast, the relax instructions
were to relax the trunk as much as possible; however, to remain
upright following a perturbation. This task instruction was given
to quantify a more natural response to mechanical perturbations.
2.4. Data processing and analysis
2.4.1. Local dynamic stability
All kinematic operations were calculated using customMATLAB
software (R2017A, The MathWorks, Inc., USA). All kinematic data
were first filtered using a 2nd order lowpass zero-lag Butterworth
filter with a 10 Hz cut-off frequency (Moorhouse and Granata,
2005). Right hand local coordinate systems for the trunk and pelvis
were calculated based on the locations of anatomical landmarks,
and the three-dimensional location of these segments were
tracked using their associated marker clusters. Three-
dimensional lumbar spine angles were calculated using Euler rota-
tion matrices (flexion-extension/lateral bending/axial twist
sequence) of the trunk coordinate system relative to that of the
pelvis. Linear velocity of the trunk was defined as the first deriva-
tive of the trunk position relative to the pelvis. Trunk angular
velocity was defined as the decomposed first derivative of the rel-
ative orientation matrix between the trunk and pelvis.
Kinematic data were divided into cycles and the last 30 were
selected for analysis to allow the participant to reach a steady-
state movement pattern. Each block was normalized to a length
determined by Eq. (1), as the number of samples can affect LDS
estimates (Bruijn et al., 2009).
#ofsamples ¼ #ofcycles cycletimeðsÞ  samplefrequency ð1Þ
Twopopular state space reconstruction techniqueswere explored
(6D and 12D). For the 6D technique, lumbar spine Euler angles were
first biased into a positive Cartesian space to remove any zero cross-
ings and relative bias between movement planes (Beaudette et al.,
2016). Similar to Graham et al. (2014), a 6-dimensional state-space
(Y(t)) was reconstructed using the Euclidean norm of the 3-
dimensional lumbar spine angle (r) at each time point (t) and its
time-lagged (TL) versions as per Eq. (2) (6D technique).
Y tð Þ ¼ ½r tð Þ; r t þ TLð Þ; r t þ 2TLð Þ;    ; rðt þ 5TLÞ ð2Þ
For the 12D technique, the state was reconstructed similar to
Dupeyron et al. (2013), where a 12-dimensional state-space
(Y tð Þ) was reconstructed using the trunk0s linear ( _x, _y, _z) and angu-
lar ( _h, _u, _~N) velocities and their time-lagged (L) copies as per Eq.
(3).Y tð Þ ¼
_x1 _y1 _z1 _h1 _u1 _w1
_x2 _y2 _z2 _h2 _u2 _w2
                 
_xn _yn _zn _hn _un _w3
_xL1 _yL1 _zL1 _hL1 _uL1 _wL1
_xL2 _yL2 _zL2 _hL2 _uL2 _wL2
                 






In both methods of state-space reconstruction, a time-lag of 10%
of the cycle length (40 frames for flexion/extension and rotation
block, 80 frames for complex block) was selected (Bruijn et al.,
2009; England and Granata, 2007; Granata and England, 2006;
Howarth et al., 2013). Within both state-spaces, nearest neighbor
trajectories and the exponential rate of divergence between these
were identified (Rosenstein et al., 1993). The average rate of diver-
gence between all nearest neighbor pairs was plotted over a period
from 0 to 1 cycle, and kmax was estimated as the slope of a line of
best fit spanning 0–0.5 cycles (Graham et al., 2012). kmax was cal-
culated for all repetitive movement blocks and state space recon-
struction techniques.
2.4.2. Systems identification
sEMG data were zero phase, first order, high-pass filtered at
250 Hz before being rectified (Staudenmann et al., 2007).
Actuator displacement, contact force and sEMG data were col-
lected and synchronized using customized software and analyzed
in MATLAB (R2017A, The MathWorks Inc., USA). Closed-loop iden-
tification techniques (Schouten et al., 2008) were used to represent
the admittance (Hadm(f); Eq. (4)) and reflexes (Hemg(f); Eq. (5)) as
FRFs. The admittance FRF describes the actuator displacement
(XA(t)) as a function of the contact force (Fc(t)), while reflex FRFs
describe the sEMG (e(t)) data as a function of the actuator
displacement.








where SFpXA ðf Þ, SFpFc ðf Þ and SFpeðf Þ represent the estimated cross-
spectral densities between the Fourier transformed force-
perturbation (Fp(f)) and actuator displacement (XA(f)), contact force
(Fc(f)) and sEMG (e(f)), respectively (Maaswinkel et al., 2015). Cross-
spectral densities were only calculated at the frequencies in which
the participants were perturbed. Densities were averaged across six
time segments (three trials with two 20 s dynamic disturbances)
and over two adjacent frequency points. Lastly, SFpe fð Þ was averaged
over the left and right muscles.
Coherence represents the relationship between the input and
the output of the system. Coherence of admittance (Hadm fð ÞÞ and
reflexes (Hemg fð ÞÞwere derived using Eqs. (6) and (7), respectively
(van Drunen et al., 2013). Due to spectral densities being averaged
over 12 points, coherence of over 0.24 was considered significant
at p < 0.05 (Halliday et al., 1996). Only coherence at the frequencies
that reached this significance level were used for analysis. A coher-
ence of 1 would represent a perfect relation between the input and
output whereas a coherence of 0 would represent no relation
between the two.
c2adm fð Þ ¼
SFpXaðf Þ
 2
SFpFp ðf ÞSXAXA ðf Þ
ð6Þ
c2emg fð Þ ¼
SFpeðf Þ
 2
SFpFp ðf ÞSeeðf Þ
ð7Þ
E. Bourdon et al. / Journal of Biomechanics 96 (2019) 109344 5FRFs were averaged across trials within each condition (relax,
resist) to improve precision of outcomes and subsequently used
in a previously described neuromuscular control model to quantify
additional intrinsic and reflexive properties of the spine (van Dieën
et al., 2018b). Specifically, the model quantified lumbar intrinsic
stiffness (K) and damping (B), which consider the viscoelastic prop-
erties of muscles and passive tissues, as well as feedback gain from
muscle spindle position (Kp), velocity (Kv) and acceleration (Ka).
These parameters were calculated in both the resist and relax
conditions.
2.4.3. Statistical analysis
All statistical calculations were performed in SPSS (v23, IBM
Corporation, USA). A forward selection step-wise linear regression
was used to define regression models with kmax from each move-
ment block as the dependent variable (DV) and outputs of SI from
each task as the independent variables (IV). Specifically, the IVs
assigned were the: admittance gain at 0.22, 0.33, 0.48, 0.73 and
1.08 Hz, muscle spindle (MS) position (Kp), velocity (Kv) and accel-
eration (Ka) feedback gains as well as lumbar intrinsic stiffness (K)
and damping (B; Table 2), as these are thought to be closely related
to movement control (van Dieën et al., 2018b). The probability for
an IV to enter the model was p < 0.2, and the probability to exit the
model was p > 0.3. Models were considered valid if the F-test sig-
nificance was less than the alpha of 0.05 (p < 0.05). The adjusted
R-square value for each model was calculated using the default
SPSS adjustment, and is presented as a percentage of the variance
in kmax that is described by the IVs included in the model. kmax in
each task and state-space reconstruction technique was compared
to SI outputs in the relax and resist tasks separately. Variance infla-
tion factor (VIF) was used as an indicator of collinearity and is pre-
sented for each model.
3. Results
3.1. 6D state space reconstruction
Results presented in this section are linear regression models
associated with kmax estimations using the 6-dimensional state
space technique. The strongest predictive models for all compar-
isons are summarized below and included in Table 3. All predictive
models have been included in supplementary material 2.
3.1.1. FE block
Admittance gain at 1.08 Hz (b = 355.1, p = 0.05) in the relax task
predicted 20.7% (Radj2 = 0.207, p = 0.05) of the variance in kmax dur-
ing the FE block.
Admittance gain at 0.73 Hz (b = 995.8, p = 0.025), Ka (b = 0.002,
p = 0.039) and Kv (b = 0.0001, p = 0.088) in the resist task pre-
dicted 37.7% (Radj2 = 0.377, p = 0.042) of the variance in kmax during
the FE block.
3.1.2. Rotation block
Admittance gain at 0.23 (b = 433.5, p = 0.003) and 0.33 Hz
(b = 1682.7, p = 0.001), Kp (b = 0.00007, p = 0.001), Kv (b =
0.0003, p < 0.001), K (b = 0.00007, p = 0.005) and B (b = 0.0001,
p = 0.03) in the relax task predicted 83.1% (Radj2 = 0.831, p = 0.001)
of the variance in kmax.Table 2
Format for set-up of stepwise linear regression.
DV IV
Admittance gain (Hz)
kmax 0.23 0.33 0.48 0.73No SI variables in the resist task significantly predicted kmax in
the rotation block.
3.1.3. Complex block
No SI variables in the relax or resist task significantly predicted
kmax values calculated during the complex movement block.
3.2. 12D state space reconstruction
All results presented in this section are linear regression models
associated with kmax estimations using a 12-dimensional state
space reconstructed using the linear and angular velocities of the
trunk relative to the pelvis and their time-delayed versions. The
strongest predictive models in each comparison are summarized
in Table 4. All predictive models have been included in supplemen-
tary material 2.
3.2.1. FE block
No regression models in the relax or resist task reached the crit-
ical significance level (p < 0.05) to predict kmax calculations during
the FE block.
3.2.2. Rotation block
No regression models in the relax or resist task reached the crit-
ical significance level (p < 0.05) to predict kmax calculations during
the Rotation block.
3.2.3. Complex block
In the relax task, the model including admittance gain at
0.73 Hz (b = 858.6, p = 0.007) as well as lumbar damping
(b = 0.0005, p = 0.008) predicted 43.1% (Radj2 = 0.431, p = 0.013)
of the variance in kmax.
No regression models in the resist task reached the critical sig-
nificance level (p < 0.05) to predict kmax calculations during the
Rotation block.
4. Discussion
The purpose of this study was to compare the outcomes of two
spine control quantification techniques, namely, LDS and SI. Over-
all, SI variables were only able to strongly explain variance in kmax
under very specific conditions. Overall, it is clear that results from
linear postural control assessment may not be directly compared
to dynamic control strategies as potential mechanical and feedback
differences lead to altered control recruitment strategies. This out-
lines the importance of understanding control assessment tech-
niques and the demand for a consistent framework for
comprehensive spine control assessment to confidently identify
the role of spine motor control in LBP.
As hypothesized, SI control outcomes in the relax condition
demonstrated the strongest relationship with kmax values, describ-
ing up to 83.1% of the variance in kmax. In contrast, SI outcomes
during resist task instructions significantly explained variance in
kmax only on one occasion, describing 37.7% of the variance in kmax.
The difference in findings between relax and resist tasks may be
attributable to the nature of each task and the task instructions.
The SI relax condition is designed to quantify a natural response
to external perturbations, whereas the resist task is meant to1.08 K B Kp Kv Ka
Table 3
Strongest predictive models when using the 6D technique for kmax estimation.
SI
Relax Resist
% p VIF % p VIF
kmax Flexion/extension 20.7a 0.05 1.00 37.7b 0.042 11.91
Rotation 83.1c <0.001 7.71 No significant model
Complex No significant model No significant model
a Predictors: admittance gain at 1.08 Hz.
b Predictors: admittance gain at 0.73 Hz, Ka and Kv.
c Predictors: admittance gain at 0.23 Hz, Kp and Kv.
Table 4
Strongest predictive models when using the 12D technique for kmax estimation.
SI
Relax Resist
% p VIF % p VIF
kmax Flexion/extension 14.0a 0.095 1.00 15.8b 0.079 1.00
Rotation 23.8c 0.117 2.50 9.7d 0.138 1.00
Complex 43.1e 0.013 1.72 6.2d 0.189 1.00
a Predictors: admittance gain at 1.08 Hz.
b Predictors: admittance gain at 0.48 Hz.
c Predictors: admittance gain at 0.73 and 1.08 Hz.
d Predictors: B.
e Predictors: admittance gain at 0.73 Hz and B.
6 E. Bourdon et al. / Journal of Biomechanics 96 (2019) 109344quantify an individual‘s maximum resistance to perturbations.
Although participants were slightly constrained by the metronome
frequency in the LDS task, there were no instructions given to max-
imize movement control. Given that LDS is not purely a tracking
task, but a means to quantify the short-term response to internal
perturbations, a fairly natural movement pattern is likely demon-
strated. Therefore, both SI during relax instructions and LDS could
be quantifying a natural response to kinematic disturbances.
Contrary to the hypothesis, LDS in the FE block did not demon-
strate the strongest relationship with SI outcomes. This may have
been due to the large range of motion in the FE block, as it is under-
stood that different control strategies are utilized in flexed pos-
tures (Maaswinkel et al., 2015). In fact, despite movement in the
transverse plane, the rotation block demonstrated the strongest
relationship with SI outcomes. A potential explanation for this rela-
tionship is the shared postural demands between tasks. Specifi-
cally, both tasks require an upright trunk posture for the entire
duration. This may have caused similar feedback properties and
subsequently, similar control strategies to be recruited.
In addition to consideration of the positive results, it is also
important to interpret the lack of variance that can be explained
when comparing some outputs of SI and LDS. Apparently, in most
conditions, movement control strategies are different, and these
quantification techniques capture different behavior. When con-
sidering that motor behavior is influenced by noise (in both the
afferent, sensory and efferent information), task context and the
nature of the sensory feedback itself (Scott, 2004), it is likely that
one or all of these influencers are different between LDS and SI
tasks. This would result in recruitment of different motor control
strategies, and subsequent differences in outcomes of motor con-
trol assessment techniques. Therefore, confusion may arise when
summarizing literature that uses LDS and SI to quantify motor con-
trol changes, making the exact effect of conditions like LBP on
spine motor control difficult to identify.
These results demonstrate that outcome measures of LDS and SI
should be compared with caution as they are only moderately
associated and only in specific conditions. As spine control and
how it is achieved in different populations (i.e., LBP) is poorly
understood, knowing this interaction between outcome measuresof LDS and SI is a key component in clarifying the overall under-
standing of spine control. This supports the need for clear and con-
sistent methodology to assessing spine control. Even within LDS,
there are differences in the statistical models between 6D and
12D state space reconstruction techniques, despite the expectation
that the results would demonstrate similar trends (Gates and
Dingwell, 2009). This difference could be attributed to differences
in signal noise and subsequent instability in divergence curves;
however, this should be considered when selecting a reconstruc-
tion technique.
Within LDS and SI, there are some limitations that exist.
Mainly, current SI techniques assume linear behavior, although
non-linearities can be captured by parameter variation between
conditions and specifically between conditions with different
perturbation magnitudes. This implies that perturbations must
be constrained to avoid strong non-linearities on the behavior
and that the resulting non-parametric and parametric models
describe linearised system behavior under the tested, by necessity
constrained, condition only. This reflects the difficulty in quantify-
ing the response of the complex spine system. LDS attempts to rep-
resent the response of the entire complex spine system using kmax.
This provides no detail into the mechanisms of control and creates
difficulties when summarizing outcomes between studies with
multiple outcome measures (such as SI). Additionally, both LDS
and SI should both be refined individually as movement control
assessment techniques to improve reliability of measurements
and this should be the focus of future research efforts. It is clear
that a consistent methodological approach to quantifying spine
control would improve the understanding of spine motor control.Declaration of Competing Interest
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